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Background: Myocardial perfusion (MP) SPECT is a well-established method for diagnosing cardiac 
disease, yet its radiation risk poses safety concern. This study aims to apply and evaluate the use of Pix2Pix 
generative adversarial network (Pix2Pix GAN) in denoising low dose MP SPECT images. 
Methods: One hundred male and female patients with different 99mTc-sestamibi activity distributions, organ 
and body sizes were simulated by a population of digital 4D Extended Cardiac Torso (XCAT) phantoms. 
Realistic noisy SPECT projections of full dose of 987 MBq injection and 16 min acquisition, and low dose 
ranged from 1/20 to 1/2 of the full dose, were generated by an analytical projector from the right anterior 
oblique (RAO) to the left posterior oblique (LPO) positions. Additionally, twenty patients underwent ~1,184 
MBq 99mTc-sestamibi stress SPECT/CT scan were also retrospectively recruited for the study. For each 
patient, low dose SPECT images (7/10 to 1/10 of full dose) were generated from the full dose list mode 
data. Our Pix2Pix GAN model was trained with full dose and low dose reconstructed SPECT image pairs. 
Normalized mean square error (NMSE), structural similarity index (SSIM), coefficient of variation (CV), 
full-width-at-half-maximum (FWHM) and relative defect size differences (RSD) of Pix2Pix GAN processed 
images were evaluated along with a reference convolutional auto encoder (CAE) network and post-
reconstruction filters.
Results: NMSE values of 0.0233±0.004 vs. 0.0249±0.004 and 0.0313±0.007 vs. 0.0579±0.016 were obtained 
on 1/2 and 1/20 dose level for Pix2Pix GAN and CAE in the simulation study, while they were 0.0376±0.010 
vs. 0.0433±0.010 and 0.0907±0.020 vs. 0.1186±0.025 on 7/10 and 1/10 dose level in the clinical study. Similar 
results were also obtained from the SSIM, CV, FWHM and RSD values. Overall, the use of Pix2Pix GAN 
was superior to other denoising methods in all physical indices, particular in the lower dose levels in the 
simulation and clinical study. 
Conclusions: The Pix2Pix GAN method is effective to reduce the noise level of low dose MP SPECT. 
Further studies on clinical performance are warranted to demonstrate its full clinical effectiveness.
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Introduction

Myocardial perfusion (MP) SPECT is a well-established 
method for diagnosing cardiac disease (1). In order to 
obtain high quality SPECT images for clinical usages, a 
higher dosage level of radioactive tracer is often desired as 
the detection efficiency of the gamma camera is usually low 
(~0.01%). However, higher dose SPECT procedures raise 
risks related health concerns with radiation. Gerber et al. (2)  
discussed the risks of ionizing radiation for MP SPECT. 
In addition, Faze et al. (3) indicated that MP SPECT is a 
significant source of ionizing radiation exposure, making 
it one of the largest contributions in terms of cumulative 
radiation dose. Thus, it is important to reduce the dosage 
level in MP SPECT scanning. On the other hand, the noise 
level is high in low dose SPECT images, leading to poor 
image quality which severely affects clinical diagnosis (4). 
The high noise problem is even more problematic in gated 
MP SPECT, as each gate only contains a part of the total 
detected counts, considerably affecting image quality (5,6).

There are existing methods to reduce the noise level 
and improve low dose SPECT image quality. Skiadopoulos 
et al. (7) applied a Butterworth post-processing filter on 
MP SPECT images to reduce noise, yet still preserving 
effective imaging details. Noubari et al. (8) evaluated 
wavelet-based denoising with optimal thresholding of the 
wavelet coefficients for SPECT images, improving the 
image quality and enhancing the diagnosis. Although these 
denoising methods can suppress the noise level of SPECT 
images, the resultant images are usually over-smoothed 
compared to the conventional full dose SPECT images.

Deep learning has been proven to be promising in image 
denoising (9), segmentation (10) and classification (11), 
showing better performance as compared to traditional 
methods when using an abundant training dataset. Among 
different tasks, deep learning-based denoising, mostly using 
convolutional neural network (CNN), has been applied for 
various PET studies and shown promising performance 
(12-15). Ramon et al. (16) evaluated CNN and a variant 
of CNN-based structure, i.e., convolutional auto encoder 
(CAE), on denoising low dose static SPECT and showed 
that CAE outperformed CNN in diagnostic accuracy, e.g., 
total perfusion deficit. 

Recently, Zhou et al. (17) suggested that GAN can push 
the generator to study the inter-domain mapping, which can 
generate compelling target results compared to other deep 
learning methods. Wan et al. (18) adapted a joint GAN for 
reconstruction and segmentation of dual-tracer PET images 

and show improved results. Sundar et al. (19) employed a 
conditional GAN (cGAN) on motion correction for rigid 
body motion for total-body PET imaging. Islam et al. (20) 
proposed to use a deep convolutional GAN (DCGAN) for 
synthetic PET brain image generation of different stages 
of Alzheimer’s disease. Wang et al. (21) applied a cGAN on 
low dose brain PET denoising and showed the promising 
performance in normalized mean square error (NMSE), 
peak signal-to-noise ratio (PSNR) and standard uptake 
value (SUV) values as compared with U-net. To the best 
of our knowledge, there are limited works investigating 
cGAN in denoising MP SPECT images (22-23). In this 
paper, we aim to evaluate the effectiveness of the Pix2Pix 
GAN method in denoising low dose MP SPECT images 
as compared to post-reconstruction filtering and CAE 
methods in simulation and clinical study. We present the 
following article in accordance with the GRRAS reporting 
checklist (available at https://qims.amegroups.com/article/
view/10.21037/qims-21-1042/rc).

Methods

Simulation dataset

This study was performed using a population of 100 4D 
Extended Cardiac Torso (XCAT) digital phantoms as a 
virtual clinical trial (24). Fifty male and 50 female patients 
with normal cardiac motion, a large range of 99mTc-
sestamibi distributions (25), respiratory motion amplitude 
(11.0–37.4 mm), cardiac wall thickness (7.7–11.6 mm), organ 
and body sizes (26) were simulated. Thirty of the 100 phantoms 
were modeled with heart defects additionally. The defects 
circumference ranged from 30° to 70°, length ranged from 
30 to 70 mm, uptake ranged from 20% to 70% of the normal 
cardiac uptake. A rotation-based analytical projector (27)  
which has been verified with Monte Carlo methods (28)  
was used to model a clinical dual-head SPECT system with 
low-energy high-resolution (LEHR) collimators (5,29), 
modelling attenuation, scatter and spatially variant geometric 
collimator response functions. Sixty-four projections (30) 
with a matrix size of 128×114 and a voxel size of 0.442 cm 
were simulated from the right anterior oblique (RAO) to 
the left posterior oblique (LPO) with various noise levels. 
In this study, we simulated the clinical realistic noise level 
with count rate based on a 987 MBq injection and 16 min 
acquisition with a total projection count of 34.27 M (5). 
The projection count was scaled to the 1/20 to 1/2 of the 
original total count for each noise level correspondingly. 

https://qims.amegroups.com/article/view/10.21037/qims-21-1042/rc
https://qims.amegroups.com/article/view/10.21037/qims-21-1042/rc
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Poisson noise was modeled to the scaled projections to 
produce a series of low dose noisy SPECT images as shown 
in Figure 1. The detector-collimator response, scatter and 
attenuation were modelled in the projection generation. 
Projections were then reconstructed by the 3D ordered 
subset expectation maximization (OS-EM) algorithm with 
12 iterations and 4 subsets with attenuation, model-based 
scatter (31) and detector-collimator response corrections. 
The reconstructed SPECT image size was 128×128×114 
with a voxel size of 0.442 cm. 

Clinical dataset

Twenty anonymized patients (Table 1) who underwent 99mTc-
sestamibi stress SPECT/CT scan on a clinical SPECT/

CT system (GE NM/CT 870 CZT) were retrospectively 
enrolled in this study. The study was conducted in 
accordance with the Declaration of Helsinki (as revised in 
2013) under the approval of Institutional Review Board 
of Taipei Veterans General Hospital, and individual 
consent for this retrospective analysis was waived. They 
were injected with ~1,184 MBq 99mTc-sestamibi. Prior to 
the SPECT scan, a helical CT scan [120 kVp, smart mA 
(10–150 mA), 0.375 cm thickness] was acquired in the heart 
region for attenuation correction in SPECT reconstruction 
with a matrix of 512×512. Sixty projections were acquired 
through 180° from the RAO to LPO positions. The 
original acquisition time for each projection was 10 s. The 
photopeak energy window was centered at 140.5 keV with a 
20% width and the scatter window was centered at 120 keV  

Figure 1 Sample two 4D XCAT phantoms and their corresponding reconstruction images with different dose levels used in this study (green 
arrows indicate cardiac defects). XCAT, Extended Cardiac Torso.
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with a 10% width. The clinical data were reconstructed 
by the OS-EM algorithm with 5 iterations and 4 subsets, 
incorporating CT based attenuation and dual energy 
window scatter corrections. The reconstruction matrix size 
was 64×64×19 and the voxel size was 0.6096 cm.

We obtained a series of low dose SPECT images by 
reducing the projection acquisition time in list mode data, 
i.e., 10 s to 7, 5, 3, 2 and 1 s. Thus, dose levels of 7/10, 5/10, 
3/10, 2/10 and 1/10 of the original full dose images were 
generated.

Pix2Pix generative adversarial network (Pix2Pix GAN)

The objective function V of the original GAN can be 
presented as:

 ( ) ( )

( )
( )( )( )
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where G and D are the generator and discriminator 
respectively. The G can produce a new sample G(z) with 
generative distribution PG through converting a random 
input drawn from a probability distribution, i.e., z~P(noise(z)), 
while x~Pdata indicates the true data distribution used 
in D. This generator G in GAN would be trained by 
“fighting against” with the discriminator D that attempts 
to differentiate between true samples with true distribution 
Pdata and generated samples with generative distribution PG. 

The 3D Pix2Pix  GAN, a  var iant  of  cGAN, i s 
implemented when the input of the original GAN generator 
is conditioned with additional information instead of the 
random noise vector (21), such as 3D low dose SPECT 
images in this study (Figure 2) to generate an estimated 
3D full dose SPECT image. Pairing with the original 3D 
low dose image, the discriminator compares the estimated 
paired images with the real paired images. Dropout was 
applied in the generator of the proposed model. The 
calculated loss would be applied for tuning the generator 

and discriminator simultaneously. Specifically, the objective 
function VPix2Pix GAN of Pix2Pix GAN is defined as:
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[2]
where x~Plow(x) indicates low dose SPECT images, while 
y~Pfull(y) represents the corresponding full dose SPECT 
images. The discriminator loss, defined as cross-entropy 
as in Eq. [2], was used for adjusting the discriminator 
weights. While comparing to the common L2 loss, L1 loss 
(21,32) can enforce low-frequency correctness Eq. [3] and 
encourage less blurring. Therefore, the generator is thus 
trained by minimizing the difference, i.e., mean absolute 
error (MAE) between denoised images and reference 
images:

 ( ) ( ) ( ) ( )1 , 1
 

low fullL x P x y yPV G y G x∼ ∼
 = −   [3]

Then, our final objective function can be expressed as:

 ( ) ( )*
2 1 ,G D Pix PixGAN LG argmin max V G D V Gλ= +  [4]

where λ=100 is an adjustable parameter (32) used to control 
the balance between VPix2Pix GAN(G,D) and VL1(G).

For comparison, 3D CAE (16) was also implemented 
in this study. Unlike Pix2Pix GAN, CAE has a symmetric 
encoder-decoder structure without a discriminator. 
Similarly, the low dose SPECT images was input into the 
encoding layers and the decoding layers will reconstruct 
it to the denoised output images. The CAE is trained by 
minimizing a MAE cost function between denoised images 
and their corresponding full dose images.

The 3D Pix2Pix GAN and 3D CAE were implemented 
using TensorFlow (33) and ran on a NVIDIA GeForce 
RTX 2080Ti GPU. The input images were normalized 
to a range of 0–1 for training. For validation, the Adam 
optimizer (34) was applied to optimize this proposed model 

Table 1 Demographic information for the patient study

Patient characteristics Male Female Total

No. 16 4 20

Age (years) 63.8±11.7 [45–79] 66.0±3.9 [61–70] 64.2±10.6 [45–79]

BMI (kg/m2) 25.7±2.5 (19.23–30.12) 24.1±3.7 (21.10–29.34) 25.3±2.7 (19.23–30.12)

Cardiac defect 7 2 9

BMI, body mass index.
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with various numbers of layer and filter for each layer at 
1/8 dose level on simulation and 3/10 dose level on clinical 
SPECT reconstructed images. Specifically, the number of 
layers varied as 2, 3, 4 and 5, while the number of filters 
within each layer varied as 8, 16, 24, 32 and 40 for Pix2Pix 
GAN and CAE.

Experiments

Determination of optimal parameters for the 
conventional post-reconstruction filtering
The 3D Gaussian filter (35) can be defined as follows:
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where the x, y, z indicate the coordinate of a given image I.  
The σ denotes the standard deviation of the Gaussian 
distribution, which can control the smoothing performance 
on a given image I. Here, we evaluated the use of a 3D 
Gaussian filter with different σ, i.e., from 0.1 to 2.5 voxels 
with an interval of 0.1 voxel, to denoise different low dose 
SPECT images.

The 3D Butterworth filter can be expressed as follows:
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where C represents a given image I, Ck is the cut-off 
frequency, the order of the Butterworth filter, n, controls 
the roll-off of Ck. Here, we fixed the order n=4 (36) for MP 
SPECT, while evaluate Ck from 0.11 to 0.35 cycle/voxel 
with an interval of 0.01 cycle/voxel for denoising different 
low dose SPECT images. The NMSE values on the filtered 
reconstructed images were assessed. This optimization was 
based on average results from 20 testing phantoms and 20 
patients respectively. 

Evaluation of denoising methods between Pix2Pix 
GAN, CAE and post-reconstruction filtering on the 
phantom dataset
Conventional denoising methods, i.e., Butterworth filter and 
Gaussian filter with optimal parameters determined in the 
previous section, and deep learning denoising methods, i.e., 
3D CAE and 3D Pix2Pix GAN, were applied for different 

Figure 2 The diagram of the Pix2Pix GAN used in this study. Conv, convolution; BN, batch normalization; ReLU, rectified linear unit; 
GAN, generative adversarial network.
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low dose SPECT images on the simulation dataset. For the 
deep learning methods, the full dose SPECT images were 
used as the training reference. The 3D CAE/Pix2Pix GAN 
network was trained to estimate the denoised images for 
each specific low dose SPECT dataset (1/2, 1/4, 1/8, 1/16 
and 1/20 of full dose).

Among the 100 phantoms, SPECT imaging data of 70 
phantoms were randomly selected for training, while 10 
phantoms were used for validation and 20 phantoms were 
used for testing. The training time for 3D Pix2Pix GAN 
and CAE was ~3.5 and 3 h for each dose level respectively.

Evaluation of denoising methods between Pix2Pix 
GAN, CAE and post-reconstruction filtering on the 
clinical dataset
We also applied the Pix2Pix GAN method on the clinical 
dataset and compared it with traditional filtering methods 
and 3D CAE. For CAE and Pix2Pix GAN, the full dose 
images, i.e., SPECT images with 10 s acquisition time/prj  
were used as the training reference to denoise different 
low dose clinical SPECT images (7/10, 5/10, 3/10, 2/10 
and 1/10 of full dose). In addition, we performed a 10-fold 
cross-validation on the clinical dataset to evaluate CAE 
approach and our proposed Pix2Pix GAN approach on each 
low dose level. Specifically, for each round of evaluation, 
16 patients were selected for training, 2 patients were used 
for validation, while 2 patients were applied for testing. 
Therefore, this process was repeated 10 times and all 20 
patient datasets were tested and averaged for the final 
results. The training time for Pix2Pix GAN and CAE was 

~1 h and 50 min for each dose level.

Data analysis

MAE (21) was used to select the best hyper-parameters 
from the validation dataset using the full dose images as 
reference:
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In both simulation and clinical study, to evaluate the 
accuracy and precision for the voxel error of the denoised 
images, NMSE and SSIM for a 3D volume-of-interest 
(VOI; N=28×28×28), covering the whole heart (Figure 3A) 
were computed on the denoised images as compared to the 
original full dose SPECT reconstructed images.
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where xd represents the voxel value in denoised images, xFD 
represents the voxel values in the corresponding full dose 
images, μd and μFD are the mean values of denoised images 
and full dose images respectively, σd and σFD are the standard 
deviations and σd,FD is the cross-covariance for denoised 
images and full dose images respectively. The constants C1 
and C2 were set to be 0.01 and 0.02 (37).

To evaluate the noise level of the denoised SPECT 

Figure 3 The ROIs used for data analysis in this study. (A) 3D VOI chosen from denoised SPECT images for measuring NMSE and 
SSIM. The yellow line indicated the profile drawn across the cardiac wall for measuring the FWHM. (B) The CV value measuring from the 
selected ROI (blue box) on the polar plots. ROI, region-of-interest; VOI, volume-of-interest; NMSE, normalized mean square error; SSIM, 
structural similarity index; FWHM, full-width-at-half-maximum; CV, coefficient of variation.
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images, coefficient of variation (CV) was measured on a 
2D uniform region-of-interest (ROI; 20×20) drawn on the 
polar plots to assess the noise reduction (Figure 3B) for 
the denoised reconstructed images, avoiding defects and 
motion artifact regions based on the original phantoms and 
patients’ clinical records.
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where m is 400 voxels for the selected ROI, μ is the mean 
voxel value of the chosen ROI, j is the voxel index and x is 
the voxel count value.

In order to evaluate the degree of image blurring, full-
width-at-half-maximum (FWHM) was measured on the 
image profiles drawn across the left ventricle wall (Figure 3A)  
of the denoised images, original full dose and low dose 
images.

For phantoms with defects, the defect size on the polar 
plots of various denoised images were measured and 
compared to that of the full dose polar plots to calculate the 
relative defect size difference (RSD): 

 
 100%d FD

FD

S SRSD
S
−

= ×  [11]

where SFD is the pixel number of the defect from the full dose 
polar plot, Sd indicates the pixel number of the defect from 
different denoised polar plots, calculated by the thresholding 
method according to the actual defect uptake ratios. 

We performed a statistical analysis using a paired t-test 
with Bonferroni correction (SPSS, IBM Corporation, 
Armonk, NY, USA). A P value <0.05 is regarded as 
statistically significant.

Results

Filter parameters optimization

The NMSE results of applying various standard deviation in 
the Gaussian filter and cutoff frequency in the Butterworth 
filter for SPECT images at different dose levels are shown 
in Figure 4. For the phantom dataset, the selected cutoff 
frequency for Butterworth filter is 0.22, 0.19, 0.16, 0.13 and 
0.12 cycle/voxel and the standard deviation for Gaussian 

Figure 4 The NMSE curves with various Ck from 0.11 to 0.35 cycle/voxel in the Butterworth filter and various σ from 0.1 to 2.5 voxels in 
the Gaussian filter, for 1/2–1/20 dose level of full dose SPECT reconstructed images on the phantom dataset (A,B) and for 7/10–1/10 dose 
level of full dose SPECT reconstructed images on the clinical dataset (C,D). NMSE, normalized mean square error.
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filter is 0.7, 0.8, 1.0, 1.4 and 1.5 voxels for denoising images 
at 1/2, 1/4, 1/8, 1/16 and 1/20 of the original full dose level 
(Figure 4A,4B). For the clinical dataset, the optimal cutoff 
frequency for Butterworth filter is 0.33, 0.30, 0.24, 0.22 
and 0.18 cycle/voxel, while the optimal standard deviation 
for Gaussian filter is 0.5, 0.6, 0.7, 0.7 and 0.9 voxel for 
denoising low dose MP SPECT images at 7/10, 5/10, 3/10, 
2/10 and 1/10 of the full dose level (Figure 4C,4D).

Network validation

Figure 5 shows the MAE results obtained with different 
numbers of layer and filter of Pix2Pix GAN and CAE from 
the validation dataset with 1/8 dose level in the simulation 
and 3/10 dose level in the clinical study respectively. For the 
simulation study, the layer and filter number for the lowest 
MAE value was 3 and 24 for Pix2Pix GAN, and 3 and 32 for 
CAE respectively. For the clinical study, the layer and filter 
number for the lowest MAE value was 3 and 32 for Pix2Pix 

GAN, and 4 and 32 for CAE respectively. Thus, these 
network hyper-parameters were used for the latter study.

Figure 6 shows the loss versus epoch curves of Pix2Pix 
GAN and CAE obtained with the above optimized hyper-
parameters. It can be observed that the loss function 
converges after 200 epochs in general.

Evaluation of denoising method between Pix2Pix GAN, 
CAE and post-reconstruction filtering on the phantom 
dataset

The sample denoising results of Pix2Pix GAN, optimized 
conventional filters and CAE for a range of low dose 
MP SPECT images for a normal male phantom and an 
abnormal female phantom are shown in Figure 7. The 
average NMSE, SSIM, FWHM, CV and RSD results of 
our simulation dataset for various dose levels are shown in 
Figure 8. 

For the accuracy and precision measurement for the 

Figure 5 MAE values obtained using different numbers of layer and filter for training the (A) Pix2Pix GAN and (B) CAE model in the 
simulation study; (C) Pix2Pix GAN and (D) CAE in the clinical study from the validation dataset respectively. GAN, generative adversarial 
network; MAE, mean absolute error; CAE, convolutional auto encoder.
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Figure 6 The loss versus epochs curves obtained from the optimized (A) Pix2Pix GAN and (B) CAE in the simulation study; (C) Pix2Pix 
GAN and (D) CAE in the clinical study. GAN, generative adversarial network; CAE, convolutional auto encoder.

voxel error of denoised images, i.e., NMSE and SSIM, 
the difference among different denoising methods is 
generally smaller in lower noise level as compared to 
the higher noise level, and Pix2Pix GAN shows the best 
results (P value <0.01). The deep learning methods show 
better performances compared to conventional filters, 
which can be observed in most of the indices. In addition, 
the results of Pix2Pix GAN are superior to those of CAE 
(P value <0.01). The results of CAE and Pix2Pix GAN 
model are more similar to the full dose images. However, 
small artifacts are observed on the heart wall for various 
denoising methods for images with higher noise levels 
particularly on 1/20 of the full dose images (Figure 7). 
The use of Pix2Pix GAN is superior to other denoising 
methods in all physical indices (Figure 8), while other 
methods substantially affect the defect quantification as 
compared to the Pix2Pix GAN method (Figure 8E). The 
CAE method masks the heart defects to some extent 
(Figure 7B), leading to inferior quantitative results as 
compared to the Pix2Pix GAN method, especially on 

higher dose levels (P value <0.05 on dose levels from 
1/4 to 1/20) (Figure 8E). With the use of Pix2Pix GAN, 
dose reduction on lower dose levels (1/16 or 1/20) seems 
feasible with less artifacts observed and shows minimum 
quantitative errors among all methods. 

Evaluation of denoising method between Pix2Pix GAN, 
CAE and post-reconstruction filtering on the clinical 
dataset

Figure 9 shows the sample full dose, low dose and denoised 
reconstructed images on two sample patients. The Pix2Pix 
GAN processed images are similar to the full dose images 
with less image blurring as compared to filtered images 
and CAE processed images at different low dose levels. 
The quantitative results at different dose levels on twenty 
patients are shown in Figure 10, which are consistent with 
those of the simulation dataset (Figure 8). Pix2Pix GAN 
method shows better performance as compared to other 
methods for all indices.
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Figure 7 Simulated MP SPECT images with various dose levels of (A) a sample normal male phantom and (B) a sample abnormal female 
phantom processed under different denoising methods. The green arrow indicates the defect location. CAE, convolutional auto encoder; 
GAN, generative adversarial network; MP, myocardial perfusion.
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Discussion

The filter optimization results suggest that the optimal 
parameters for different dose levels are different. The lower 
dose SPECT images would need a stronger filter. The 
filter parameters vary considerably between the simulation 
and the clinical study since the low dose levels are different 
(1/2–1/20 of full dose for simulation and 7/10–1/10 of 
full dose for clinical) in our study. For a series of low dose 

MP SPECT images, the Pix2Pix GAN denoising method 
significantly improves the image quality based on the 
physical indices (Figures 7-10) with less artifacts observed 
among all methods. Evaluation on lower dose level is not 
feasible on the clinical datasets as 1 s acquisition time/
projection is the lowest setting available on the specific 
scanner used in this study. Further dose reduction from the 
proposed Pix2Pix GAN method is potentially feasible if a 

Figure 8 The average (A) NMSE, (B) SSIM, (C) FWHM, (D) CV and (E) RSD measurements for different denoising methods for the 
simulation dataset. Error bars indicate the standard deviation of the respective indices for 20 phantoms. *, P<0.05; **, P<0.01; ***, P<0.001. 
NMSE, normalized mean square error; SSIM, structural similarity index; FWHM, full-width-at-half-maximum; CV, coefficient of variation; 
RSD, relative defect size differences; CAE, convolutional auto encoder; GAN, generative adversarial network.
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Figure 9 Clinical MP SPECT images with various noise levels of (A) a sample normal patient (male, age =49 years, BMI =25.5 kg/m2) and 
(B) a sample patient (male, age =76 years, BMI =19.2 kg/m2) with a known cardiac defect (green arrow) processed under different denoising 
methods. CAE, convolutional auto encoder; GAN, generative adversarial network; MP, myocardial perfusion; BMI, body mass index.
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Figure 10 The average (A) NMSE, (B) SSIM, (C) FWHM and (D) CV measurements for different denoising methods for the clinical 
dataset. Error bars indicate the standard deviation of the respective indices for 20 patients. *, P<0.05; **, P<0.01; ***, P<0.001. NMSE, 
normalized mean square error; SSIM, structural similarity index; FWHM, full-width-at-half-maximum; CV, coefficient of variation; CAE, 
convolutional auto encoder; GAN, generative adversarial network. 

lower dose level can be achieved in other models of clinical 
scanners.

Various heart defects exist in real clinical patient studies, 
thus 30 of the 100 phantoms were modeled with heart 
defects to further evaluate if our proposed Pix2Pix GAN 
would affect the defect quantification on the simulation 
study. Our average results based on ten abnormal phantoms 
showed that the RSD values using the Pix2Pix GAN model 
is closer to the full dose SPECT comparing with the 
original low dose SPECT input, other conventional filtering 
methods and the CAE model (P value <0.05 on dose levels 
from 1/4 to 1/20), indicating the proposed methodology is 
effective and robust for hearts with defects. However, we 

found that all denoising methods would potentially “mask 
out” the relatively small defect especially in lower dose 
levels (1/8–1/20) in this study. Further improvement and 
evaluation on defect quantification using deep learning 
techniques with more clinical relevant indices is warranted. 

We also applied the Pix2Pix GAN model to the clinical 
dataset with normal patients as well as patients with defects. 
Although the number of training patients was 16, the results 
are consistent with the simulations. The use of more clinical 
patient data for training is expected to further improve the 
training performance with lower bias, though increase of 
computational time is expected. We did not calculate the 
RSD in the clinical study since the actual defect size and 
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uptake ratio were not known. 
Comparing with the conventional Gaussian and 

Butterworth filtering methods and CAE model, our 
proposed Pix2Pix GAN can substantially reduce the noise 
level of low dose SPECT, while still preserving high quality 
SPECT images based on the physical indices. When 
comparing to other neural networks such as CAE approach 
in image denoising, GAN has two different networks with 
adversarial training method and a large variety of functions 
can be incorporated into the model (38). The Pix2Pix 
GAN, a derivative model of GAN, applies additional 
information, e.g., low dose MP SPECT images in this 
study instead of only random data as input to control over 
the characteristics of images that are being generated (39), 
further approaching the true distribution of data. In this 
study, we implemented the Pix2Pix GAN generator with 
a U-net architecture. The effectiveness of this design has 
been confirmed in many computer vision applications. The 
input of paired low and full dose MP SPECT images for 
the discriminator for training in this study, could provide 
more auxiliary information and the validity of this structure 
has also been confirmed in various works (32). For testing, 
pairing with corresponding full dose images is not required 
in the proposed Pix2Pix GAN method. Recently, Bradshaw 
et al. proposed the pipelines on best practices for AI 
algorithm development in nuclear medicine and this study 
follows most of the pipelines (40).

Our results showed that the injection dose can be 
substantially reduced for MP SPECT, leading to the 
concomitant reduced radiation absorbed dose to the 
patients. The reduced injection dose can be traded for a 
shorter acquisition time and increased patient throughput. 
The reduction of dose and acquisition time is particularly 
important for pediatric patients, as the lifetime risk from 
dose radiation for children was higher than adults (41) 
and sedation demand can be lowered respectively. Besides, 
for single or dual gating SPECT or PET, as the detecting 
counts are divided into more number of bins and the noise 
level would further increase (42), denoising in each bin 
for better motion estimation is another research topic 
that is currently under investigation in our group (23). 
Moreover, our preliminary results have shown that further 
dose reduction is feasible by applying Pix2Pix GAN on 
projection domain as compared to the reconstruction 
domain on the phantom dataset (43). Further evaluations 
on denoising on both domains using more patient data are 
warranted to investigate the lowest achievable dose limit for 
MP SPECT.

In the simulation, projection number and voxel size were 
based on previous clinical studies (30) using a conventional 
NaI clinical SPECT system for cross references, while 
the actual clinical datasets were acquired by a new CZT 
SPECT/CT scanner. However, our results on two different 
types of scanners and acquisition protocols were consistent. 
Another main limitation in this study is that we only 
considered the physical indices measurement. Existing 
literatures have shown that evaluation of denoising methods 
with physical metrics such as NMSE and SSIM are not 
reflective of performance on clinical tasks (44-46). Whether 
the lowest dose level could be achieved by deep learning-
based denoising method is unknown without the evaluation 
of the actual clinical diagnostic index, e.g., ROC study of 
defect detectability (47-49). Further studies on clinical 
performance are warranted. 

Conclusions

In this study, we proposed and evaluated a deep learning 
approach, i.e., 3D Pix2Pix GAN model to reduce the 
noise level for simulated and clinical low dose MP SPECT 
images. Pix2Pix GAN denoising is superior to conventional 
post-reconstruction filtering and CAE approaches, 
especially for higher noise levels based on the physical 
quantitative measurements. Further task-based evaluation 
based on more clinical data is warranted to demonstrate the 
full clinical effectiveness of the proposed method.
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